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1
Bolivia's salar de Uyuni is the largest salt flat on Earth, a 9000 km 2 expanse of halite 2 at 4 km above sea level in the Andean Altiplano. The salar is the lowest point of an 3 internal drainage basin that has undergone many cycles of inundation and evaporation 4 throughout the late Quaternary (Argollo and Mourguiart, 2000, Fornari et al., 2000) . 5 Interlayered salt and mud deposits reaching depths of hundreds of meters in the center of 6 the salar (Baker et al., 2001 , Fritz et al., 2004 ) are relics of a long history of 7 sedimentation during lacustrine phases followed by the deposition of halite in the lower 8 reaches of the basin when the lakes retreated and evaporated (Risacher and Fritz, 2000) . 9
Although the current dry period has persisted for at least 8000 years (Sylvestre et al., 10 1999), hydrological activity continues in the form of periodic flooding which regenerates 11 the surface via the dissolution and redeposition of salt (Lowenstein and Hardie, 1985 ) and 12 appears to be responsible for maintaining the salar's extraordinary smoothness. 13
As an extremely broad and flat terrestrial surface, the salar de Uyuni is an ideal 14 reference target for Earth-orbiting altimeters. Each overflight of the salar can yield 15 hundreds of altimeter ground returns whose waveforms are unmodified by topography 16 and whose reported elevations vary minimally across the surface. Validation of altimeter 17 measurements requires far better vertical resolution than is provided by existing 18 topographic datasets, however. Radar altimeters such as Envisat and TOPEX/Poseidon 19 (e.g. Fu et al., 1994) and the laser altimeter aboard NASA's Ice, Cloud and land 20 Elevation Satellite (ICESat) (Schutz et al., 2005) can measure the elevation of flat 21 surfaces to within 5 cm RMS (root mean square), which is two orders of magnitude better 22 the six daily solutions using inverse-variance weighting, we obtained UY04's coordinates 1 in the International Reference Frame 2000 (ITRF2000) ( Table 1) . 2
We post-processed our fixed sites with respect to reference site UY04 using Geodetic 3 Inc.'s "RTD" package, with double-differenced LC (ionosphere-free) data, a 10° satellite 4 elevation cutoff, antenna phase-center mapping, precise IGS ephemerides and zenith 5 delay estimation (Bock et al., 2000) . RTD solves for antenna position independently at 6 each epoch, which allowed us to identify periods when base stations were experiencing 7 above-average noise levels and were unsuitable for use in post-processing the kinematic 8 trajectory. We estimated site positions from the post-processed time series using the 9 method described by Bock et al. (2000) . After removing data from periods with 10 inconsistent ambiguity resolution, we calculated an initial elevation median and 11 interquartile range (IQR) from the remaining epochs, removed outliers whose elevations 12 were beyond 1.7 IQRs of the median and estimated the site position from the mean of the 13 remaining epochs (Table 1 ). The 1.7 IQR outlier threshold was chosen because it was the 14 largest value for which elevations at all sites (excepting UY08, which had a faulty 15 antenna) passed the Kolmogorov-Smirnov test for a Gaussian distribution (Press et al., 16 1992) . Outlier removal reduced the average elevation standard deviation from 3.2 cm to 17 1.8 cm, while negligibly changing the mean. 18
To post-process the kinematic survey data, we used Track (Chen, 1998) , the Kalman-19 filter-based kinematic module of the GAMIT package (King and Bock, 2006) . We 20 employed the same parameters listed above for the fixed sites, used loose (i.e. 100 21 m/epoch) constraints on kinematic site motion, fixed all carrier-phase ambiguities to 22 integer values, and excluded from the data any satellite for which an integer ambiguity 23 6 could not be determined. No attempt was made to correct for anisotropic tropospheric 1 delay due to clouds or water vapor gradients, but we expect that this had minimal impact 2 on the solution because of the clear and stable weather during the survey period. Since 3 Track is capable of incorporating multiple base stations, we used all fixed stations with 4 good noise characteristics (as evaluated from RTD processing) when estimating the 5 trajectories for our survey grids. The result of our three-stage processing chain was the 6 generation of 10 independent kinematic GPS trajectories in the ITRF2000, one for each 7 survey grid. 8 
Data Analysis
Kinematic GPS Accuracy 10
We estimated the internal consistency of our kinematic solutions using crossover 11 analysis, comparing elevations at the 101 locations on each survey grid (77 on the 12 rectangular tracks and 24 on the diagonals) where the trajectory intersected itself 13 (Ridgway et al., 1997 . Although elevations at crossover locations 14 should be identical in the absence of GPS noise, crossover differences in all eight grids of 15 our main survey ranged from −15 to +15 cm, with an average standard deviation of 4. 9 16 cm. We also compared elevations at 1 km intervals along the overlapping boundaries 17 between adjacent survey grids, generating 173 inter-grid differences with a standard 18 deviation of 4.1 cm and values ranging from −14 to +8 cm. 19 We estimated absolute survey accuracy by comparing vehicle trajectories with known 20 elevations at ground truth "tiepoints," established wherever the survey vehicle passed 21 within 500 meters of a fixed site location. The 47 tiepoint differences in the entire survey 22 had a mean of 2.2 cm, a standard deviation of 4.2 cm, and ranged from −6 cm to +13 cm. 23 7 This result is consistent with the crossover and inter-grid analyses, all of which show that 1 GPS trajectory error equals or surpasses the sub-decimeter vertical resolution required for 2 altimeter validation. 3
Correcting Kinematic Trajectories 4
A plan view of post-processed survey elevations highlights the problem with GPS 5 noise (Fig. 2a) . There are elevation mismatches at many crossover locations, survey lines 6 that are consistently high or low and elevation biases with respect to nearby ground 7 control sites, all at the cm to dm level. Since we observed similar noise in GPS data from 8 a stationary survey vehicle and because time-correlated noise of this 9 magnitude is evident even at permanent stations in established GPS networks (e.g. Bock 10
et al., 2000), these anomalies cannot be attributed to unmodeled vehicle motion. Instead, 11 they reflect the errors (mainly due to unmodeled tropospheric delay and signal multipath) 12 remaining in kinematic GPS trajectories after standard GPS post-processing. 13
To correct the kinematic trajectories, we modeled GPS noise using calculated 14 crossover/tiepoint differences and the relatively high degree of autocorrelation present in 15 the stationary vehicle time series. We calculated a separate noise model for each survey 16 grid using a least squares inversion that incorporated crossover/tiepoint differences as 17 constraints and enforced model smoothness (i.e. autocorrelation) via first-difference 18 minimization . The correction we obtained ranges over 25 cm -19 almost a third of the total vertical relief across the survey -with little change between 20 points along individual tracks and much larger differences between the more widely time-21 separated points on adjacent and crossing tracks (Fig 2b. ). Subtracting this correction 22 from the kinematic trajectories reduces average crossover RMSE from 4.85 cm to 0.59 23 8 cm and reveals considerable topographic detail that was previously obscured by noise 1 (Fig. 2c) . 2
We validated the corrected GPS trajectories via the 173 inter-grid comparisons, which 3
were not part of the inversion and were thus an independent measure of error. Average 4 inter-grid RMSE was 4.1 cm before correction and 2.2 cm afterwards. Inter-grid 5 differences somewhat overstate the overall survey error since they are made at the edges 6 of survey grids where the noise models are limited by poor crossover difference 7 estimation. We therefore take 2.2 cm RMS to be an upper bound on survey error. 8
Creating the Digital Elevation Model (DEM) 9
Our survey data consist of densely-sampled profiles bounding empty regions. 10
Because the data support is so non-uniform, this geometry is not ideal for DEM -11 generating schemes that locally filter and resample the data to a uniform grid. Filtering 12 and resampling also requires the a priori characterization of the spatial statistics of 13 surface, which can be problematic if the topography is not stationary or is anisotropic. 14 Instead, we model the salar surface by globally fitting the Grid 1~8 elevation data with 15 the 2-dimensional Fourier basis functions (James, 1966) 16 the survey area where all wavelengths in the model can adjust to discontinuities across 1 the data boundaries and take m = n to ensure that the fit resolution is identical in both 2 directions. 3
The entire elevation dataset has an RMSE about the mean of 14.6 cm. Fitting the data 4 with the Fourier basis set formed by setting n = 1 gives a residual misfit of 4.6 cm 5 RMSE. This basis set has a nominal horizontal resolution (L/n) of 100 km. Fitting with 6 the 50 km resolution n = 2 basis set reduces the misfit to 2.2 cm RMSE. Additional 7 increments in n improve the fit monotonically (Fig. 3) , although unrealistic "dimpling" of 8 the model within the 2.25-km grid squares occurs when the minimum wavelength in the 9 basis set approaches 6 km (i.e. when n > 16). 10
We use the n = 15 model for fitting the survey data because it provides an excellent 11 fit to the data and is well-behaved, with no dimpling artifacts in the unsampled regions 12 between survey tracks. Model resolution is 6.7 km in both coordinate directions and the 13 misfit to the data is 0.80 cm RMSE. A plot of model residuals shows no evidence of 14 correlated outliers, which would indicate either topography at wavelengths shorter than 15 6.7 km or remaining long-period error in the GPS trajectory (Fig. 4) . For comparison, we 16 also fit the uncorrected survey data with the n = 15 basis set and obtained a misfit of 2.60 17 cm RMSE and temporally correlated residuals of up to 10 cm. 18
An independent check of survey error is provided by noise-corrected elevations from 19 Grids 9 and 10, which we subtracted from the n = 15 Fourier model to obtain, 20 respectively, misfit means of -0.4 cm and -0.1 cm and RMSEs of 1.6 cm and 1.5 cm. 21 These results confirm that the salar de Uyuni GPS data acquisition and subsequent 22 processing are consistent over the entire survey and are accurate to within the 2.2 cm 1 RMS error estimate stated earlier. 
Results and Discussion
3
We generated a DEM of our survey area from the Fourier model of noise-corrected 4 kinematic GPS data (Fig. 5a) . The DEM shows a complex surface with an elevation 5 range of only 77 cm over 50 kilometers -from a low of 3696.87 m in the broad 6 depression along the southern boundary to a high of 3697.64 m at the northeast corner. 7
Overplotted on Fig. 5a are contours of the EGM96 geoid model (Lemoine et al., 1998) , 8 which show that the planar SW to NE slope of the topography mimics both the direction 9 and magnitude of the long-wavelength (≥180 km) geoid. Subtracting EGM96 geoid 10 height values from the DEM (i.e. converting ellipsoidal DEM elevations to orthometric 11 elevations) removes the topographic slope and reduces the elevation range to 44 cm (Fig.  12   5b) . 13
The SRTM dataset also provides high-resolution orthometric elevations for the 14 region, but these are unsuitable for characterizing the sub-meter level topography of the 15 surface. SRTM elevations on the salar reveal a variety of artifacts, including short-16 wavelength striping perpendicular to the spacecraft ground track, anomalously low values 17 where standing water caused low-amplitude radar returns, long-wavelength vertical 18 oscillations, and large "water" areas filled with uniform and inaccurate values (Fig. 6) . 19 Furthermore, the comparison between SRTM and GPS along transect A-A' shows that 20 SRTM elevations are digitized at one meter increments, are biased high by ~5 m and 21 range over 15 m (compared to 39 cm for the GPS). Although SRTM is the best publicly-22 available source of topographic data for the salar and its environs, these accuracy issues 23 make it unsuitable for characterizing the surface for satellite altimeter validation or 1 scientific study. Similarly unacceptable for our purposes is the GTOPO30 global 2 topography dataset, which registers a single elevation value over the entire area of the 3 GPS survey. 4
Returning to the topography in Fig. 5b , we see that it is characterized by a broad ridge 5 oriented SW to NE, with highs at both ends and flanking depressions to the north and 6 south. Interestingly, these features roughly correspond to mapped gravity from a local 7 survey documented by Cady and Wise (1992) (overplotted on Fig. 5b ). Of note is the 8 topographic high at the southwest corner of the DEM which coincides with a circular 9 gravity high centered near a rocky "island," presumed to be the exposed peak of a buried 10 volcanic ridge rising from the floor of the basin. The higher density of the volcanic rock 11 with respect to the surrounding sediments alters the gravity signal at the surface, resulting 12 in the bulls-eye pattern seen in the mapped gravity field. The surface of the salar de Uyuni is a cemented halite crust overlying a massive 1 crystalline halite sedimentary unit (Fornari et al., 2000) . From the standpoint of 2 geomorphology, it is an unusual environment in that it is too flat to model via the 3 diffusion equation and has too little material available for mechanical transport by wind 4 or water to justify the use of standard models of sediment transport. Instead, the transport 5 of salt in solution is likely to be the primary mechanism by which surface change occurs 6 on the salar, and we are exploring a simple model of salt transport by precipitated water 7 to explain why salar topography might conform to the shape of the local equipotential 8 surface (see Borsa, 2005) . In this model, salt is dissolved uniformly during rainstorms 9
and flows in solution to topographic lows where it is deposited upon evaporation of the 10 solution. The net transport of salt from orthometric highs to low points on the surface 11 should drive the surface to an equilibrium shape that mirrors the local equipotential. 12
Regardless of the potential for our modeling to explain the long-wavelength 13 topography of the salar, the local geopotential field is much too smooth to account for the 14 short-wavelength topography of the surface. We are still trying to understand the genesis 15 
